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Abstract
In structural vibration signals, many kinds of signals (such as sinusoidal signals and impulsive signals) are mixed
together. Convolutive mixtures often take place in vibration signals. In order to separate effectively the useful signals
from the signals mixed by noise, the paper firstly transforms time signals into frequency signals through FFT, then
applies FastICA to separate the useful signals from mixed signals, transforms frequency signals into time signals
through IFFT, finally accomplishes the separating of the useful signals and noise. Two different experiments have
been done to separate the steel structural vibration signals generated by hammer and vibration exciter in laboratory.
The experiments results show that the mixed signals can be separated successfully when the exciters and sensors are
placed on the suitable locations.
© 2010 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Society for
Automobile, Power and Energy Engineering
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1. Introduction
In recent years, independent component analysis (ICA) as a new effective signal processing technology
has been developed. ICA is a statistical and computational technique for revealing hidden factors that
underlie sets of random variables, measurements, or signals. ICA defines a generative model for the
observed multivariate data, which is typically given as a large database of samples. In the model, the data
variables are assumed to be linear or nonlinear mixtures of some unknown latent variables, and the mixing
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system is also unknown. The latent variables are assumed nongaussian and mutually independent, and
they are called the independent components of the observed data. These independent components can be
found by ICA. Its basic theory is that based on statistical independence principle, the observed multi-
channel signals are decomposed into several independent components through optimal algorithm. Then
the signal separation is completed[1,2].
The successful applications of ICA are mostly in the speech signal separation, biomedical signal
propcessing, image processing and mechanical fault diagnosis[3-6]. So far, only a few studies are about
ICA applicated to separate the structural vibration signals[7-9]. Therefore, the further research on ICA
applicated to separate signals and denoise is very necessary.
In the late 1990s, Aapo Hyvärinen etc presented the FastICA algorithm[3,10,11], which has
contributed to the application of ICA to large-scale problems due to its computational efficiency.
In some cases, especially in the separation of convolutive mixturesfrequency (Fourier) domain
representations of signals have advantages over time-domain representations. It is quite common to
Fourier transform the signals[3,12], which results in complex-valued signals. Therefore the paper
applies the FastICA algorithm in frequency domain in [11] to separate the steel structural vibration
signals. This method is proved effectively by separating the mixed vibration signals in laboratory.
2. Independent Component Analysis in Frequency Domain
In several practical applications of ICA, some kind of convolution takes place simultaneously with the
linear mixing. Although ICA algorithm has been applied successfully in the instantaneous linear
mixing[1,2], the algorithm has met many difficulies in the convolution mixing. The paper introduces
complex ICA to solve the convolution mixing.
Blind source separation of convolutive mixtures is basically acombination of standard instantaneous
linear blind source separation and blind deconvolution. In the convolutive mixture model, each element of
the mixing matrix   in the model   is a filter instead of a scalar. Written out for each mixture, the data
model for convolutive mixtures is given by:
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We observe only the mixtures ( )ix t , and both the independent source signals ( )is t and all the
coefficients ikja   must be estimated.
Fourier transform techniques are useful indealing with convolutive mixtures, because convolutions
become products between Fourier transforms in the frequency domain. Because applying Fourier
transform to the data does not change the mixing matrix. Thus we can apply Fourier transform to both
sides of Eq.1. We obtain
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This shows that the convolutive mixture model (1) is transformed into an instantaneous linear ICA
model (2) in the frequency domain. The price that we have to pay for this is that the mixing matrix is now
a function of the angular frequency  while in the standard ICA/BSS problem it is constant.
The following is the fixed-point algorithm for complex signals under the ICA data model (2). The
algorithm searches for the extrema of { }2HE G w z  . The derivation is presented in [11].
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The algorithm requires a preliminary sphering or whitening of the data: the observed variable
oldx is
linearly transformed to a zero-mean variable
oldx Qx= , 1 1( , , )r i nr nix x x x x= + + such that { }HE xx I= .
Whitening can always be accomplished by e.g., Principal Component Analysis.
The fixed-point algorithm for one unit is:
{ } { }2 2 2 2*( ) ( ) ( ) ( )H H H H H
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w
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                            (3)
The one-unit algorithm can be extended to the estimation of the whole ICA transformation in exactly
the same way as in the real case. The orthogonalization methods can be used by simply replacing every
transpose operation by the Hermitian operation. Fig.1 is the flowchart of the complex FastICA algorithm.
Fig.1 Complex FastICA algorithm
Fig.2 Steel frame structure
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3. Experimental Analysis
To validate the usefulness of separating based on FastICA, a steel frame stucture is used as
experimental subject to analysis the sinusoidal vibration signal pulluted by impulsive vibration signal.
The frame stucture is consisted of 3 main beams, 8 secondary beams, 6 secondary beams. The overall
dimensions of the structure are 1500mm×1150mm×564mm. The 6 secondary beams are fixed on the floor,
as illustrated in Fig.2.
The experiments used three accelerometers to acquire the naturally mixed vibrations generated by two
vibration sources. The two vibration sources (labeling 1, 2, respectivlly) and three accelerometer sensors
(labeling A, B, C, respectively) were placed as shown in Fig.2. Sampling frequency is 1 KHz. Sampling
number is 1024.
3.1. Experiment 1
In experiment 1, top source 1 is the impulsive vibration generated by hammering the steel frame
structure. Bottom source 2 is the sinusoidal periodic vibration of 50Hz generated by a vibration exciter.
Fig.3 (a) and (b) show the temporal waveforms of the two observed signals from sensor A and B. Fig.3
(c) and (d) reveal the two separated signals which are obtained by using the FastICA algorithm in
frequency domain. In order to more easily observe the difference between two observed signals and two
separated signals, we utilize FFT algorithm to transform the four signals. The transformed results are
showed in Fig.4. Fig.4 (d) shows that the one separated signal is not successful, but Fig.4 (c) shows that
the other separated signal is successful. From Fig.3 (c) and Fig.4 (c), we can observe that the impulsive
signal is removed and only the sinusoidal signal is remained.
3.2. Experiment 2
In contrast to experiment 1, top source 1 in experiment 2 is the sinusoidal periodic vibration of 50Hz
generated by hammering the steel frame structure. Bottom source 2 in experiment 2 is the impulsive
vibration generated by a vibration exciter.
The separation of the mixed signals from sensor A and B is not successful, so sensor B and C are
selected to provide the mixed signals.
Fig.5 (a) and (b) show the temporal waveforms of the two observed signals from sensor B and C. Fig.5
(c) and (d) reveal the two separated signals by using the FastICA algorithm in frequency domain. Their
FFT results are showed in Fig.6 (a) (b) (c) (d), respectively. Fig.6 (d) shows that the one separated signal
is not perfect because the 1st order frequency of frame structrue (97Hz) is mixed in separation signal in
Fig.5 (d). However, Fig.6 (c) shows that the other separated signal is very successful. From Fig.5 (c) and
Fig.6 (c), we can observe that the sinusoidal signal is removed and the impulsive signal only is remained.
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Fig.3 Two observed and two separated signals in experiment 1- observed: (a) (b), separated: (c) (d)
Fig.4 Spectras of two observed and two separated signals in experiment 1- observed: (a) (b), separated: (c) (d)
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Fig.5 Two observed and two separated signals in experiment 2- observed: (a) (b), separated: (c) (d)
Fig.6 Spectras of two observed and two separated signals in experiment 2- observed: (a) (b), separated: (c) (d)
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4. Conclutions
The FastICA algorithm in frequency domain is proved effective by separating the sinusoidal periodic
signals from the signals mixed by the impulsive signals in experiment 1. The FastICA algorithm is also
successful in seperating the impulsive signals from the signals mixed by the sinusoidal periodic signals in
experiment 2. Note that the ability to separate useful signals is very valuable for strutual damage detection.
Therefore, the ICA algorithm has become a new tool in separating signal. However, the new separating
and denoising tool needs to research deeply in the theory and the application. For example, in order to
separate the useful signals more effectively, how to select the suitble locations of the sensors.
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